the complex nature of learning, it is difficult to isolate the effect of any given factor; due to the numerous uncontrollable variables, the results obtained in an experiment cannot be safely attributed to any particular cause.
There are also some reasons which are specific to the learning style domain. This paper aims at discussing these controversial aspects regarding learning styles, both in traditional and in technology-enhanced learning settings. Furthermore, we try to address some of the identified criticism issues by proposing a Unified Learning Style Model (ULSM), which synthesizes characteristics from the main mod-els in the literature, providing an integrative taxonomy. More specifically, ULSM integrates learning preferences related to perception modality, way of processing and organizing information, as well as motivational and social aspects. An initial proposal of the ULSM has been introduced in (Popescu et al., 2007) . Since then, the model underwent a refining and validation process and was successfully used into practice: an e-learning platform called WELSA (Web-based Educational system with Learning Style Adaptation) was built on it (Popescu, 2009a; Popescu, 2009b; Popescu, 2009c ). In the current paper we present the revised version of ULSM, together with a detailed description of each of its components and the traditional models they were inspired from. We argue that ULSM is the best choice for a learning style based adaptive educational system and we discuss its advantages.
The rest of the paper is structured along the three questions outlined in the title. First we try to motivate why there is a need for a Unified Learning Style Model. To this end, in section 2, we present some theoretical aspects, including definitions of learning styles and their implications for pedagogy. Next, in section 3, we discuss the most frequently raised criticisms regarding learning style. As a response to these challenges, we introduce our Unified Learning Style Model. In section 4 we show what ULSM is, giving a detailed description of each of its components and outlining its advantages. The next section addresses the final question, namely how we can use ULSM in a technology-enhanced learning system and how efficient it is. Finally, the last section contains some conclusions and future research directions.
learNiNG style BaCKGroUND
Learning style designates everything that is characteristic to an individual when she/he is learning, i.e. a specific manner of approaching a learning task, the learning strategies activated in order to fulfill the task. A widely accepted definition is given by Keefe (1979) ; according to it, learning style includes cognitive, affective, and psychological factors that serve as relatively stable indicators of how a learner perceives, interacts with, and responds to the learning environment.
There has been a great interest in the field over the past 30 years, which led to the proliferation of proposed approaches. Coffield et al. (2004) identified 71 models of learning styles, among which 13 were categorized as major models, according to their theoretical importance, their widespread use and their influence on other learning style models. These models differ in the learning theories they are based on, the number and the description of the dimensions they include.
Each of the learning style models offers a set of principles and recommendations for the instructional strategies that should be used with the students pertaining to each learning style category. Most psychologists recommend that the teaching style of the instructor should correspond to the learning style of the student (the "matching hypothesis"). Felder (1993) mentions that mismatching can have serious consequences: students may feel "as though they are being addressed in an unfamiliar foreign language. They tend to get lower grades than students whose learning styles are better matched to the instructor's teaching style and are less likely to develop an interest in the course material" (p. 289). Dunn and Griggs (2003) also suggest that teachers adapt the instruction and environmental conditions by allowing learners to work with their strong preferences and to avoid, as far as possible, activities for which learners report having very low preferences.
Some other psychologists support an opposite point of view: using a variety of teaching styles and providing mismatching materials could help avoid boredom and at the same time prepare students develop new learning strategies and improve their weaker learning styles (Apter, 2001; Grasha, 1984) .
Another important role of learning styles would be to increase self-awareness of the strengths and weaknesses of the students during the learning process. According to Sadler-Smith (2001) , the potential of such awareness lies in "enabling individuals to see and to question their long-held habitual behaviors" (p. 300). Moreover, as Apter (2001) suggests, understanding the various motivational factors in different contexts can "allow people to come more in control" of their motivation and hence of their learning. In addition, the effectiveness of the learning process may improve if students are made aware of the important qualities which they and other learners possess (Coffield et al., 2004) .
Despite the importance given by specialists in educational psychology starting 3 decades ago, learning styles have only been introduced relatively recently in technology-enhanced learning. During the last years however, they began to receive special attention, and several learning style based adaptive educational systems (LSAES) started to appear. Most of these systems take a single learning style model into account, such as:
• Felder-Silverman model (FSLSM) (Felder & Silverman, 1988 ) -which was used in (Bajraktarevic et al., 2003; Carver et al., 1999; Cha et al., 2006; Graf, 2007; Limongelli et al., 2009; Sangineto et al., 2008) • VARK (Flemming, 1995) -which was used in (Gilbert & Han, 1999; Wang et al., 2008) • Honey and Mumford model (Honey & Mumford, 2000) -which was used in (Papanikolaou et al., 2003 ) • Witkin's field dependence/field independence (Witkin, 1962) -which was used in Triantafillou et al. (2003) .
learNiNG style CritiCisM studies in traditional learning settings
The report published by Coffield et al. (2004) is a critical review of the main learning style models that have been introduced in the literature. However it should be noted that the main criticism is addressed at the measuring instruments of the learning style models (which suffer from psychometric flaws), and not at the models themselves. For each of the 13 main models identified, Coffield et al. (2004) search and critically analyze the evidence, provided by independent researchers, that the associated instruments could demonstrate internal consistency, test-retest reliability, construct and predictive validity. Only one of them was found to meet all four criteria, while two other models met three criteria; three models met two criteria, four models met only one criterion while the rest of three models met none. This brings us to the idea that an implicit learner modeling method, which is based not on the students' answers to questionnaires but on analyzing their learning behavior, could prove very useful and alleviate the weaknesses of the traditional measuring instruments. Furthermore, some of the criticism is only related to the limitations of the traditional face-to-face education, given the unrealistic burden it would place on the teachers: "It is hard to imagine teachers routinely changing their teaching style to accommodate up to 30 different learning styles in each class, or even to accommodate four" (Coffield et al., 2004, p. 122) . Obviously, this problem is alleviated in e-learning systems, which have the built-in potential of offering individualized learning paths to the students, with little overhead for the teachers.
A further negative aspect outlined in (Coffield et al., 2004) is the theoretical incoherence and conceptual confusion, which come from the multitude of learning style models available. There is a certain degree of overlap among the concepts used, but no direct correspondence between them and no agreed core technical vocabulary. The field suffers from the lack of an overarching synthesis of the main models.
Another weakness of the learning style models is the danger of labeling or pigeonholing the students, since the temptation to classify and stereotype might be difficult to resist.
On the other hand, while pointing out the limitations, Coffield et al. (2004) acknowledge also the benefits of using learning styles, as we have detailed in the previous subsection: self-awareness and metacognition, a lexicon of learning for dialogue, a catalyst for individual, organizational or even systemic change.
studies in technologyenhanced learning settings
As far as the field of LSAES is concerned, most of the existing studies reported an improvement in the learning gain and/or student satisfaction: (Bajraktarevic et al., 2003; Carver et al., 1999; Graf, 2007; Lee et al., 2005; Limongelli et al., 2009; Papanikolaou et al., 2003; Sangineto et al., 2008; Triantafillou et al., 2003; Wang et al., 2008) .
To the best of our knowledge, there are only three studies that reported no improvement brought up by adaptation to learning styles: (Brown et al., 2006; Brown et al., 2007; Mitchell et al., 2004) . However, as the authors themselves concede, no definitive conclusions can be drawn based on those findings. It could be that better adapted interfaces than those used in the study should be designed, for which different results might be obtained. Or it could be that other dimensions of learning styles, which were not included in the study, might have a greater influence on the learning process. Or it could be that the students used in the study have already been unintentionally pre-selected on the basis of their academic ability, so we may assume that these students can already learn effectively, even when presented with less than optimal opportunities (i.e., a mismatched learning environment) (Brown et al., 2006) .
Finally, a comprehensive review of the current state of the art in relation to quantitative evaluations of learning style personalization in adaptive educational systems is included in (Brown et al., 2009 ).
summary of Criticism
To sum up, the most frequently raised criticisms regarding learning styles are:
• There is a very large number of learning style models proposed and there is no unanimously accepted one. • There is a proliferation of terms and concepts (which sometimes overlap) and there is no mapping between different models (and no agreed taxonomy). • Dedicated inventories suffer from psychometric weaknesses: some of the instruments used to measure learning styles could not demonstrate internal consistency, testretest reliability or construct and predictive validity. • Psychometric instruments can usually be applied only once per student; furthermore it is difficult to motivate learners to fill them out -if they are too long or students are not aware of the consequences or future uses of the questionnaires, they tend to choose answers arbitrarily instead of thinking carefully about them. In addition, the accuracy of self-perceptions is questionable: "self-perceptions can be misleading and the answers are easy to fake if someone is determined to give a misleading impression" (Honey & Mumford, 2000, p. 20) . • Learning styles are not a stable cognitive factor over time or over different tasks and situations.
Apart from the criticism regarding learning styles' use in traditional learning, we could also add some issues regarding their use in technology-enhanced learning. The main problem seems to be that the descriptions of the learning style characteristics are only conceived to cover traditional learning aspects. Present theories are only oriented to the classical way of teaching, ignoring technology related preferences. Therefore learning style questionnaires should be revised and adapted to be used in web-based learning systems. They should be enriched with questions oriented towards specific e-learning aspects, not found in the traditional approach.
UNifieD learNiNG style MoDel -a NeW aPProaCh rationale
Web-based learning systems that include an implicit and dynamic modeling component alleviate some of the problems identified in the previous section. Indeed, according to many researchers, observations and interviews are more likely than instruments to capture the learning preferences of a student (Coffield et al., 2004) . Thus, implicit learner diagnosing based on analyzing students' interactions with the system can prove more accurate, overcoming issues related to the reliability and validity of the questionnaires, as well as their deficiencies regarding technological aspects. The flexible and evolutionary aspects of the learning preferences are also successfully addressed, since the student model is not static, recorded once and for all, but dynamically updated by the system, based on student's changing behavior. The only limitation is that most of the systems based on implicit learner modeling (Cha et al., 2006; Gilbert & Han, 1999; Graf, 2007; Sangineto et al., 2008; Stathacopoulou et al., 2007) are dependent on a particular learning style model. Consequently, they are still subject to the first two weaknesses outlined in the previous subsection.
This issue regarding the multitude of learning style models and their overlapping has been pointed out by many researchers in the field. Cassidy (2004) for example militates for rationalization, consolidation and integration of the more psychometrically robust instruments and models. Gordon and Bull (2004) also call for the use of a "generalized model" or "metamodel", in which they included the overlapping characteristics of six of the four quadrant models. Sternberg (1999) also ascertains that there is no unifying model or metaphor that integrates the various styles, not only between theories, but even within theories.
In this context, our intention is to offer a basis for an integrative learning style model, by gathering characteristics from the main models proposed in the literature. Furthermore, this model is specifically adapted for e-learning settings, by including only those characteristics that meet three conditions: i) have a significant influence on the learning process (according to the educational psychology literature); ii) can be used for adaptivity purposes in a web-based educational system (i.e., the implications they have for pedagogy can be put into practice in a technology-enhanced environment); iii) can be identified from student observable behavior in a web-based educational system. Indeed, not all of the characteristics included in a traditional learning style model can be identified through an e-learning system, nor can they be used for adaptation.
Consequently, we propose a Unified Learning Style Model (ULSM), which includes learning preferences related to:
• The above learning preferences were included in ULSM based on a systematic examination of the constructs that appear in the main learning style models and their intensional definitions. In case of similar constructs present under various names in different models, we included the concept only once, aiming for independence between the learning preferences and the least possible overlap. It should be noted that some of the ULSM preferences have a direct correspondent in one dimension of a learning style model, while others represent just one of the traits that characterize a certain style. For example, the field dependent / field independent ULSM characteristic is taken "as is" from Witkin's (1962) learning style model, including its name and its intensional definition. The active experimentation / reflective observation preference, on the other hand, refers to only a part of the intensional definition of the active / reflective FSLSM dimension (Felder & Silverman, 1988) , not including the attraction towards working in teams (or lack thereof). Actually, this latter preference is included as a separate characteristic in ULSM. Finally, the carefulness towards the details is a ULSM preference which doesn't have any direct correspondent in the traditional learning style models, but it is included as a characterizing trait in many of them (e.g., sequential / global or sensing / intuitive dimension of FSLSM).
Description of the Unified learning style Model
In what follows we will present for each ULSM characteristic the learning style model it was inspired from, together with its intensional definition.
As far as the perceptual modality is concerned, there are many learning style models that include it: FSLSM (visual / verbal dimension) (Felder & Silverman, 1988) , VARK (visual, aural, read/write, kinesthetic) (Flemming, 1995) , VAK (visual, auditory, kinesthetic), Dunn and Dunn model (visual, auditory, kinesthetic, tactile) (Dunn & Griggs, 2003) , Riding's model (verbaliser / imager) (Riding & Rayner, 1998) etc. We only included the visual versus verbal preference due to the inherent constraints of a web-based learning environment (in which tactile or kinesthetic preferences are more difficult to accommodate). We also retained the intensional definition provided by FSLSM: visual learners remember best what they see (pictures, diagrams, schemas etc) while verbal learners get more out of words, either spoken or written.
In the processing information family we included several preferences: the abstract concepts and generalizations vs. concrete, practical examples was inspired from Kolb's learning cycle (abstract conceptualization / concrete experience) (Kolb, 1999) , as well as Gregorc's model (abstract / concrete) (Gregorc, 1985) . The students having the first preference rely on conceptual interpretation, while those having the latter preference rely on immediate experience (apprehension) in order to grasp hold of experience.
The serial vs. holistic preference was inspired from FSLSM (sequential / global) and Pask's model (serial / holist) (Pask, 1988) . Sequential learners tend to gain understanding in linear steps, while global learners learn in large leaps, being fuzzy about the details of the subject but being able to make rapid connections between subjects.
The active experimentation vs. reflective observation preference was taken from Kolb's learning cycle (active experimentation / reflective observation), being also present in FSLSM (active / reflective) or Honey and Mumford model (activist / reflector) (Honey & Mumford, 2000) .
The field dependent vs. field independent preference was taken from Witkin's model, and refers to the proportion in which the surrounding framework dominates the perception of items within it (Witkin, 1962) . Field dependent persons may have difficulty to locate the information they are seeking because other information masks what they are looking for ("the forest rather than the trees") and they are more people-oriented. Field independents find it easier to recognize and select the important information from its surrounding field ("the trees rather than the forest") and are more impersonal-oriented.
The inductive vs. deductive preference was taken from the first version of FSLSM: inductive learners prefer to reason from particular facts to a general conclusion; they respond best to problem based learning or inquiry learning; deductive learners prefer to reason from the general to the specific and they like the course to start with the fundamentals and continue with the applications.
The synthetic vs. analytic preference was not taken "as is" from any learning style model. However, similar concepts can be found in Allinson and Hayes' model (intuitive / analytic) (Allinson & Hayes, 1996) and Riding's model (holist / analytic). A synthetic student has an overall image of the subject and tends to combine elements in order to understand the whole; an analytic student focuses on the parts of a whole or on underlying basic principles.
As far as the motivation is concerned, the deep vs. strategic vs. surface vs. resistant approach was inspired from Entwistle's model (Entwistle, 1998) , to which the "resistant" component was added, which is similar to Grasha-Riechmann's "avoidant" (Grasha, 1995) and Vermunt's "undirected" (Vermunt, 1998) . Students with a deep approach to learning are "meaning-oriented", they want to understand ideas for themselves, they examine logic and argument cautiously and critically and they are actively interested in the course content. Students with a strategic approach are "achieving-oriented", they want to obtain the highest possible grades, being alert to assessment requirements and criteria and gearing work to the perceived preferences of lecturers. Surface learners are "reproducing-oriented", their intention is to pass the exams, they mostly memorize facts, finding difficulty in making sense of new ideas presented, they study without reflecting on either purpose or strategy and they feel undue pressure and worry about work. Resistant learners have a total disinterest towards the course, they refuse to participate to learning activities, they are apathetic and disobedient.
The intrinsic vs. extrinsic motivation approach doesn't have a direct correspondence in a learning style model. It is however related to Entwistle's model, as well as to Apter's telicparatelic dimension (Apter, 2001) . Students who are intrinsically motivated learn for the sake of the experience alone, while those who are extrinsically motivated learn in order to obtain an external reward.
The persistence level was taken from Dunn and Dunn model (persistent / non-persistent): the high persistence students have the inclination to complete tasks, spending a high amount of time studying and coming back to the learning material. The low persistence students have a need for intermittent breaks and they rarely come back to the learning material.
As far as the pacing preference is concerned, it was not taken directly from a learning style model. Students who prefer to concentrate on one task at a time have a linear learning path, with seldom jumps and returns; students who prefer to alternate tasks and subjects like to jump frequently from one passage to another, from one course to another.
The preference towards learning individually versus learning in groups is present "as is" in Dunn and Dunn model (learning groups: learn alone vs. peer oriented), and is also related to many other learning style models (e.g., the FSLSM active / reflective dimension, Herrmann's theorist vs. humanitarian (Herrmann, 1996) 
The introvert vs. extravert characteristic is taken from the Myers-Briggs Type Indicator (MBTI) (extraversion / introversion) (Myers & McCaulley, 1985) , having correlations with many other models. An introvert learner has the inclination to shrink from social contact and to be preoccupied with internal thoughts and feelings, while an extravert learner has the inclination to be involved with social and practical realities rather than with thoughts and feelings.
The competitive vs. collaborative preference can be found in Grasha-Riechmann's model, being also correlated with Apter's concept of autic mastery (which reflects values of individualism and competitiveness) and al-loic sympathy (which reflects values of social belonging and cooperation).
The coordinating instance of the learning process (affectivity vs. thinking) is related to the MBTI's feeling vs. thinking. Students whose learning is coordinated by affectivity like to conclude based on intuition and feeling, while students whose learning is coordinated by thinking take decisions based on analysis, logic and reasoning.
It should be noted that we have only included in ULSM those preferences that can be dealt with in a web-based educational system. Other learning preferences, such as those related to the environment (e.g., noise, light, temperature, comfort) or physical dimensions (e.g., time of the day, intake), can only be catered for in traditional learning settings. Hence, while having an important effect on learning, they are outside the scope of this model.
Of course, learning is so complex that it cannot be completely expressed by any set of learning style dichotomies (Roberts & Newton, 2001 ). Therefore we do not claim that our model is exhaustive; we argue however that the above set of characteristics is a first step towards building an integrative, unified model.
advantages of our implicit Modeling Method Using UlsM
Firstly, the problems related to the multitude of learning style models, the concept overlapping and the correlations between learning style dimensions are eliminated.
Secondly, the belonging to a learning style dimension is not absolute; rather it takes the form of a stronger or weaker preference. Thus learners may exhibit characteristics from opposite learning style dimensions in a traditional model, e.g. a student might have a strong preference towards actively working with the educational material while at the same time prefer individual work; in this case, with the traditional approach, she/he would have probably been categorized as "balanced" on the active-reflective dimension of Felder-Silverman learning style model, subsequently being considered to have no preference towards either individual vs. team work or simulations vs. theory; using our proposed approach, she/ he would be offered the opportunity to both work individually and interact actively with the material. Consequently, another advantage of the ULSM is a simplified and more accurate student categorization (feature-based modeling), as opposed to the traditional stereotype-based modeling. In turn, this offers the possibility of finer grained and more effective adaptation actions.
Furthermore, in traditional learning settings, the use of a single learning style model presents the advantage of creating only a limited number of versions of the same course; however, when using technology-enhanced learning, this limitation is removed: the ULSM is able to include a large number of learning preferences, without a substantial increase in the teacher workload. The teacher will have to prepare the same amount of educational materials, which will be dynamically combined according to each student's preferences. Of course, we should point out that not all topics can be taught in all learning styles. As Gardner said about customizing the learning material to fit the seven intelligence types, "there is no point in assuming that every topic can be effectively approached in at least seven ways, and it is a waste of effort and time to attempt to do this" (Gardner, 1995, p. 206) . However, with the use of dynamic adaptation, there is the possibility to accommodate a large number of learning preferences, with little overhead for the teachers, as we have shown in (Popescu, 2009c) and we will see briefly in the next section.
The relative instability of the learning styles is also successfully addressed by our proposed dynamic modeling method, which is based on continuous monitoring and analysis of learner behavioral patterns, as we have shown in (Popescu, 2009a) . Thus, unlike in case of one-time applicable questionnaires, where the student model is static, recorded once and for all, in our case the model is dynamically updated by the system, based on student's changing behavior.
Finally, since what we store are individual learning preferences, not styles with a positive or negative connotation, there is no danger of labeling or pigeonholing the student. In addition, due to the implicit diagnosing method and the automatic adaptation process, the learning preferences shouldn't necessarily be revealed to either the student or the teacher. This would ensure a complete privacy of the learner and avoid the danger of stereotyping. However, an even better approach would be to educate both the students and the teachers to correctly understand and deal with learning styles. Metacognition and learning style awareness can help students understand their strengths and weaknesses in the learning process and use them to their advantage.
PUttiNG UlsM to WorK
So far we have given a detailed description of ULSM, together with its rationale and a theoretical justification of its adoption and its advantages over traditional learning style models. The next step is to give a practical validation of the model, by showing how it can be used in an adaptive educational system and how efficient it is. To this end, we built a dedicated e-learning platform called WELSA (Web-based Educational system with Learning Style Adaptation), based on ULSM. More specifically, WELSA provides students with individualized courses, tailored according to their specific ULSM preferences.
The process takes place in two steps: first accurately identify the learning preferences of the students (learner modeling phase) and secondly apply the corresponding adaptation rules (adaptation phase). As stated in the previous section, what we propose is an implicit and dynamic learner modeling approach, based on analyzing the behavior of the student in WELSA (i.e., the patterns of interaction between the student and the educational system). As far as the adaptation is concerned, WELSA makes use of both adaptive presentation and adaptive navigation support technologies (Brusilovsky, 2007) , providing the student with an individualized path through the learning material. The process is fully automated, based on a set of built-in adaptation rules: the course pages are dynamically generated by the system for each student, according to her/his learner model.
An overview of the modeling and adaptation approaches is given in the next two subsections; further details can be found in (Popescu, 2009a) and (Popescu, 2009c) respectively.
the learner Modeling approach in Welsa
In user modeling domain, analyzing and interpreting user log files is a valuable source of information about the characteristics of the user (be it interests, preferences, goals etc); also, in the context of e-learning, tracking the interaction of the learner with the educational system has been used as an implicit method for identifying the knowledge level, goals and more recently learning style of the students. This makes sense if we consider that students with different learning styles have different needs and also different behavior during the learning process, according to the proponents of learning style models.
Thus, based on the indications from the literature regarding relevant behavioral patterns (Cha et al., 2006; Garcia et al., 2007; Graf, 2007) , as well as our own findings resulted from statistical analysis (Popescu, 2009d) , we decided to associate a set of behavioral patterns to each ULSM dimension. (e.g., informally: "A high amount of time spent on contents with graphics, images, video is indicative of a Visual learning preference" or "A high number of accesses to simulations and other interactive learning resources is indicative of an Active experimentation preference"). In order to allow for generalizations, the behavioral patterns that we took into account in our analysis are those that can be obtained from most web-based educational systems (including WELSA). More specifically, these refer to:
• Educational resources (i.e., learning objects -LOs) that compose the course: time spent on each LO, number of accesses to an LO, number of skipped LOs, results obtained to evaluation tests, order of visiting the LOs etc. For each LO, in WELSA we have access to its metadata file, including information regarding the instructional role (e.g., 'Definition', 'Example', 'Exercise', 'Interactivity', 'Illustration' etc) , the media type (e.g., 'Text', 'Audio', 'Image', 'Video') , the level of abstractness and formality etc. • Navigation choices: either by means of the "Next" and "Previous" buttons or by means of the course Outline • Communication tools: a synchronous one (chat) and an asynchronous one (forum)time, number of visits, number of messages.
In order to allow for the collection of all these data, the WELSA Course player was carefully designed, so that all student actions could be monitored and recorded by the system. Next, starting from these raw data (i.e., the student actions and the associated timestamps), the WELSA Analysis tool automatically computes the pattern values for each student. The reliability levels of these patterns are calculated as well (i.e., the larger the number of available relevant actions, the more reliable the resulted pattern). Next, the Analysis tool infers the ULSM preferences of each student, using modeling rules based on the pattern values, their reliability levels and their weights (i.e., the level of influence a pattern has on identifying a learner preference).
It should be noted that these rules also take into account the specificities of each course: the pattern values as well as the importance (weight) of each pattern may vary with the structure and subject of the course. Therefore the Analysis tool has a configuration option which gives teachers the possibility to adjust the predefined values to correspond to the particularities of her/his course or even to eliminate some of the patterns, which are not relevant for that course. The modeling process is formalized and explained in more detail in (Popescu, 2009a) .
In order to evaluate the validity of our modeling method, the results obtained by the Analysis tool (implicit modeling method) were compared with the reference results obtained by applying the ULSM questionnaire (explicit modeling method). The experimental study involved 71 undergraduate students in the field of Computer Science, who studied an Artificial Intelligence course module implemented in WELSA. The evaluation was performed for a subset of 12 of the ULSM learning preferences, for which relevant data were available. Good precision results were obtained, with an average accuracy of 75.70%, as reported in (Popescu, 2009a) .
the adaptation Mechanism in Welsa
Once the learning preferences of the students are identified, the next step is to associate the appropriate adaptation rules, which best serve learners with each ULSM preference. The development of these adaptation rules was a delicate task, since it involved interpretation of the learning style literature in order to identify the prescriptive instructional guidelines. Starting from these teaching methods (which only include a traditional learning view), enhancing them with e-learning specific aspects (technology related preferences) and inspiring from other works that deal with learning style based adaptation (as mentioned in the second section), we extracted the adaptation rules for our LSAES.
One observation is in place here: due to the different nature of the characteristics included in ULSM, not all of them lend themselves to a matching adaptation strategy. In case of motivation for example, it is clear that a surface or a resistant approach should not be encouraged. Therefore the pedagogical action that should be taken is not adaptation, but rather increasing student's metacognition as well as teacher's awareness regarding students' weaknesses in the learning process. In what follows however we will only address those ULSM characteristics that lend themselves to a matching adaptation strategy.
Our pedagogical goal was to offer students recommendations regarding the most suited learning objects and learning path, but let the students decide whether they want to follow our guidelines or not. Offering control to students has several advantages: first of all, in case the learning style preference identified by the system is not accurate, the students can ignore the system recommendations and consult the learning objects that they feel are most suitable for them and in the order that they judge appropriate. Second, there may be students who prefer to study the course extensively and so they should have access to all the additional learning objects. Furthermore, imposing a course structure or order to a student may make them feel frustrated and/or confused, especially when they have a chance to compare their version of the course with their peers'. Finally, in the context of an experimental study (as is our case), allowing the student to choose whether to follow our recommendations or not gives us a measure of the success of our adaptation (i.e. whether the adaptation corresponds to the actual needs of the students).
Due to the above reasons, we decided to rely on sorting and adaptive annotation techniques rather than direct guidance or hiding/removing fragments (according to the classification proposed in (Brusilovsky, 2007) ). We also decided to use the popular "traffic light metaphor", to differentiate between recommended LOs (with a highlighted green title), standard LOs (with a black title, as in case of the non-adaptive version of WELSA) and not recommended LOs (with a dimmed light grey title). Figure 1 illustrates the generation of an Artificial Intelligence course page, individualized for a student with preferences towards Verbal perception modality, Concrete, practical examples and Reflective observation (as identified in the modeling phase). The adaptation process Figure 1 . WELSA -dynamic adaptation example is automatically performed by the WELSA Adaptation component. This component starts from the course structure defined by the teacher in the XML course and chapter files, and fills it with the corresponding LOs (as referenced in the metadata files), while ordering and annotating them.
In order to help with the creation of the XML file, a course authoring tool is provided for the teacher, as illustrated in Figure 2 (the example corresponds to the course page from Figure 1 ). It should be noted that WELSA course editor does not deal with the creation of actual content (text, images, simulations etc) -a variety of existing dedicated tools can be used for this purpose (text editors, graphics editors, HTML editors etc). Instead, WELSA course editor provides a tool for defining the course structure (specifying the order of resources, assembling learning objects in pages, subsections and sections) and adding metadata to existing learning resources. It is important to mention that these metadata are independent of any particular learning style. Instead, they include general information related to the media type, the level of abstractness, the instructional role of the LO, the hierarchical and prerequisite relationships between LOs etc. This lies at the basis of the dynamic adaptation mechanism, with the adaptation rules making extensive use of metadata. An example of such a rule corresponding to the Concrete learning preference is included in Figure 1 (relying on the instructional role of the LO, denoted "LoType"). In addition, this mechanism reduces the workload of authors, who only need to annotate their LOs with standard metadata and do not need to be pedagogical experts (neither for associating LOs with learning styles, nor for devising adaptation strategies). The only condition for LOs is to be as independent from each other as possible, without cross-references and transition phrases, to insure that the adaptation component can safely apply reordering techniques.
When a new page request is received, the adaptation component queries the learner model database, in order to find the ULSM preferences of the current student. Based on these preferences, the component applies the corresponding adaptation rules and generates the new HTML page from the XML structure files. Thus the web page is composed from the selected and ordered LOs, each with its own status (highlighted, dimmed or standard). In our case, since the current student has a preference towards Concrete, practical examples, the algorithms (LO 6 in Figure 1 ) are first illustrated to her by means of 3 examples, 2 of which are also highlighted as recommended (LOs 3 and 5). Furthermore, since she also has a Verbal perception modality, the example which is in graphical format (LO 4) is marked as less recommended and placed after the equivalent text-based example (LO 3). Finally, since the student has a preference towards Reflective observation, the interactive simulation (LO 7) is placed at the end of the page and marked as less recommended.
The validity and effectiveness of our adaptation approach were empirically confirmed by means of an experiment involving 64 undergraduate students in the field of Computer Science. The students were split in two groups: one which was provided with a matched version of the course (further referred to as "matched group") and one which was provided with a mismatched version of the course (further referred to as "mismatched group"), with respect to the students' learning preferences.
The objective evaluation consisted in performing a statistical analysis on the behavioral patterns exhibited by the students, comparing the values obtained for the matched and mismatched groups in order to find significant differences. t-test was applied when the data were normally distributed and u-test when data did not follow a normal distribution (the normality was checked with the Kolmogorov-Smirnov test). Due to space constraints, we only report here the conclusions of this analysis (a detailed presentation of the results is included in (Popescu, 2009c) ): the matched adaptation approach increased the efficiency of the learning process, with a lower amount of time needed for studying and a lower number of randomly accessed educational resources (lower level of disorientation). The effectiveness of the matched adaptation and its suitability for addressing students' real needs are also reflected in the statistically significant higher time spent on recommended versus not recommended resources, as well the higher number of accesses of those recommended learning objects. Finally, the recommended navigation actions were followed to a larger extent than the not recommended ones.
As far as learners' subjective evaluation of the system is concerned, the students in the matched group reported significantly higher levels of enjoyment, overall satisfaction and motivation, compared to their mismatched peers.
The overall results of the experimental study are very promising, proving the positive effect that our adaptation to learning styles has on the learning process. It should be mentioned also that this experiment was performed with second year students, who had little experience with web-based educational systems and therefore preferred to be guided during their study. Perhaps more advanced students would know better how to organize their learning path and would also benefit from the challenging advantages of the mismatched adaptation strategy. Further studies are required to validate this hypothesis.
Figure 2. WELSA -course authoring example

CoNClUsioN
In this paper we provided a critical analysis of learning styles and their use in technologyenhanced learning settings. As a response to the criticism, we introduced a unified learning style model and theoretically justified its use.
However, our intention was not to propose yet another learning style model, but to provide a pragmatic approach, summarizing those learning preferences that could have a practical use in TEL. We therefore showed how the ULSM model was successfully integrated into a dedicated web-based adaptive educational system (WELSA) and reported the encouraging experimental results obtained so far.
Nevertheless, in order to allow for generalization, the system should be tested on a wider scale, with users of variable age, field of study, background knowledge and technical experience. We therefore plan to repeat the experiments for longer periods of time and with a larger and more diverse student sample.
A very challenging research direction would be the individualization of the adaptive techniques to the characteristics of the students (knowledge level, technical background, experience with AES). Several studies suggest that the student knowledge level as well as her/his previous experience with web-based educational systems may have an influence on the effect of the adaptation technique used (Brusilovsky, 2003) . For example, students with higher previous knowledge prefer non-restrictive adaptive methods that provide additional information (adaptive annotation, multiple link generation), while students with lower previous knowledge prefer more restrictive adaptive methods that limit their navigation choice (direct guidance, hiding). The solution could be the creation of a meta-adaptive system, that should adaptively select the adaptation technology that is the most appropriate for the given student and context. The meta-adaptive system should be able to dynamically improve its decisions, by learning from observing the results obtained with each technology used.
Due to the advent of mobile e-learning applications, ULSM could be further refined to incorporate mobility-related characteristics (i.e., preference towards learning while sitting, standing or moving). Another future research work is to study the applicability of our ULSM model to the new generation of Web 2.0 Personal Learning Environments; in this new context, identifying and performing the necessary extensions to the learner modeling and adaptation mechanisms would also be a challenging research direction.
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